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(57) ABSTRACT 
This document generally describes systems, methods, 
devices, and other techniques related to speaker verification, 
including (i) training a neural network for a speaker verifi 
cation model, (ii) enrolling users at a client device, and (iii) 
verifying identities of users based on characteristics of the 
users’ Voices. Some implementations include a computer 
implemented method. The method can include receiving, at 
a computing device, data that characterizes an utterance of 
a user of the computing device. A speaker representation can 
be generated, at the computing device, for the utterance 
using a neural network on the computing device. The neural 
network can be trained based on a plurality of training 
samples that each: (i) include data that characterizes a first 
utterance and data that characterizes one or more second 
utterances, and (ii) are labeled as a matching speakers 
sample or a non-matching speakers sample. 
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NEURAL NETWORKS FOR SPEAKER 
VERIFICATION 

TECHNICAL FIELD 

0001. The subject matter of this document generally 
relates to neural networks and other models employed in 
speaker verification tasks. 

BACKGROUND 

0002 Speaker verification generally relates to verifying 
the identity of a person based on characteristics of the 
person’s voice. Some computing devices allow a user to 
“enroll' with the device by providing to the device one or 
more samples of speech spoken by the user, from which a 
speaker model representing the user's voice is determined. 
Subsequent speech samples received at the device may then 
be processed and evaluated with respect to the speaker 
model to verify a user's identity. 

SUMMARY 

0003. This document generally describes systems, meth 
ods, devices, and other techniques for training and using 
neural networks, or other types of models, for speaker 
verification. In some implementations, the neural network 
may be a component of a speaker verification model that is 
accessible by a computing device performing speaker veri 
fication. Generally, the neural network may be trained in 
iterations that each simulate speaker enrollment and verifi 
cation of an utterance. For example, in each training itera 
tion, a speaker representation generated by the neural net 
work for a given utterance may be evaluated with respect to 
a speaker model. Based on a comparison of the speaker 
representation for a simulated verification utterance to a 
combination (e.g., average) of speaker representations for 
one or more simulated enrollment utterances, the parameters 
of the neural network may be updated so as to optimize the 
ability of the speaker verification model to classify a given 
utterance as having been spoken by the same person or by 
a different person than an enrolled person. The neural 
network may be further configured to process data charac 
terizing an entire utterance in a single pass through the 
neural network, rather than processing frames of the utter 
ance individually or sequentially. These and other imple 
mentations are described more fully below, and depicted in 
the Figures. 
0004 Some implementations of the subject matter 
described herein include a computer-implemented method. 
The method can include selecting, at a computing system, 
multiple different Subsets of training data for training a 
neural network. Each Subset of training data can include a 
plurality of first components that characterize respective 
utterances of a first speaker and a second component that 
characterizes an utterance of the first speaker or a second 
speaker. For each of the selected Subsets of training data, the 
method can include: inputting each of the first components 
into the neural network to generate a respective first speaker 
representation corresponding to each of the first compo 
nents; inputting the second component into the neural net 
work to generate a second speaker representation corre 
sponding to the second component; determining a simulated 
speaker model for the first speaker based on an average of 
the respective first speaker representations for the plurality 
of first components; comparing the second speaker repre 
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sentation with the simulated speaker model to classify the 
utterance characterized by the second component as an 
utterance of the first speaker or as an utterance of a speaker 
other than the first speaker; and adjusting the neural network 
based on whether the utterance characterized by the second 
component was correctly classified as an utterance of the 
first speaker or as an utterance of a speaker other than the 
first speaker. 
0005. These and other implementations can include one 
or more of the following features. 
0006. In response to inputting the second component into 
the neural network, the second speaker representation can be 
generated with the neural network by processing, in a single 
pass through the neural network, data for an entirety of the 
utterance characterized by the second component. 
0007 Selecting a first subset of training data among the 
multiple different Subsets of training data can include: 
selecting a first group of utterances that corresponds to the 
first speaker from a plurality of groups of utterances that 
respectively correspond to different speakers such that each 
group of utterances consists of data characterizing only 
utterances of the corresponding speaker for the respective 
group of utterances; selecting a second group of utterances 
corresponding to the first speaker or the second speaker from 
the plurality of groups of utterances; determining the plu 
rality of first components from the data that characterizes 
utterances in the first group of utterances; and determining 
the second component from the data that characterizes 
utterances in the second group of utterances. 
0008. At least one of the first group of utterances and the 
second group of utterances can be selected randomly from 
the plurality of groups of utterances. 
0009. The first speakers can be different from each other 
among at least some of the multiple different subsets of 
training data. The second speakers can be different from 
each other among at least some of the multiple different 
Subsets of training data. 
0010. A total number of first components in a first subset 
of training data among the multiple different Subsets of 
training data can be different than a total number of first 
components in a second Subset of training data among the 
multiple different subsets of training data. 
0011 Comparing the second speaker representation with 
the simulated speaker model to classify the utterance char 
acterized by the second component as an utterance of the 
first speaker or as an utterance of a speaker other than the 
first speaker can include determining a distance between 
values from the second speaker representation and values 
from the simulated speaker model, and applying a logistic 
regression function to the distance. 
0012. The neural network can include a plurality of 
hidden layers. The neural network may not have a Softmax 
output layer. 
0013 The neural network can include a deep neural 
network having a locally-connected hidden layer followed 
by a plurality of fully-connected hidden layers. 
0014. The utterances characterized by the plurality of first 
components, and the utterance characterized by the second 
component can all have a fixed length. 
0015 The neural network can be a long-short-term 
memory recurrent neural network that is configured to be 
trained on data that characterizes utterances having variable 
lengths. 
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0016. The utterances characterized by the respective plu 
ralities of first components across the multiple different 
Subsets of training data, and the utterances characterized by 
the respective second components across the multiple dif 
ferent Subsets of training data, can all be utterances of a same 
word or phrase. 
0017. At least some of the utterances characterized by the 
respective pluralities of first components across the multiple 
different Subsets of training data, and at least Some of the 
utterances characterized by the respective second compo 
nents across the multiple different Subsets of training data, 
can be utterances of different words or different phrases. 
0018. The trained neural network can be provided to one 
or more computing devices separate from the computing 
system for use in performing speaker verification on the one 
or more computing devices. 
0019. Each of the first speaker representations can be 
generated by the neural network based on the respective first 
component that was inputted into the neural network corre 
sponding to the first speaker representation. The second 
speaker representation can be generated by the neural net 
work based on the second component that was inputted into 
the neural network corresponding to the second speaker 
representation. 
0020 Some implementations of the subject matter 
described herein can include a computing device. The com 
puting device can include one or more computer processors 
and one or more computer-readable media having instruc 
tions stored thereon that, when executed by the one or more 
processors, cause performance of operations. The operations 
can include receiving, at the computing device, data that 
characterizes an utterance of a user of the computing device; 
generating, at the computing device, a speaker representa 
tion for the utterance using a neural network on the com 
puting device, wherein the neural network has been trained 
based on a plurality of training samples that each: (i) include 
data that characterizes a first utterance and data that char 
acterizes one or more second utterances, and (ii) are labeled 
as a matching sample or a non-matching sample according 
to whether a speaker of the first utterance is the same as a 
speaker of the one or more second utterances; accessing, at 
the computing device, a speaker model for an authorized 
user of the computing device; and evaluating, at the com 
puting device, the speaker representation for the utterance 
with respect to the speaker model to determine whether the 
utterance was likely spoken by the authorized user of the 
computing device. 
0021. Each of the plurality of training samples can be 
generated by selecting the first utterance and the one or more 
second utterances from groups of utterances that correspond 
to different speakers, such that each group of utterances 
consists only of utterances of the corresponding speaker for 
the respective group of utterances. 
0022. The operations can further include obtaining a set 
of utterances of the authorized user of the computing device; 
inputting each utterance from the set of utterances into the 
neural network to generate a respective speaker representa 
tion for the utterance; and generating the speaker model for 
the authorized user of the computing device based on an 
average of the respective speaker representations for the 
utterances in the set of utterances of the authorized user. 
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0023 None of the plurality of training samples on which 
the neural network has been trained may include data that 
characterizes the utterance of the user of the computing 
device. 
0024 Generating, at the computing device, the speaker 
representation for the utterance can include processing data 
that characterizes an entirety of the utterance with the neural 
network in a single pass through the neural network. 
0025. The neural network can be a recurrent neural 
network. The utterance of the user can have a first temporal 
length. The speaker representation for the utterance can 
include processing data that characterizes the utterance over 
an entirety of the first temporal length of the utterance. The 
operations can further include receiving another utterance of 
the user of the computing device, the other utterance having 
a second temporal length that is different than the first 
temporal length; and generating a second speaker represen 
tation for the other utterance of the user by processing data 
that characterizes the other utterance over an entirety of the 
second temporal length of the other utterance. 
0026. The operations can further include performing a 
function on the computing device in response to determining 
that the utterance of the user was likely spoken by the 
authorized user of the computing device. The function can 
include changing a state of the computing device from a 
locked State to an unlocked State, wherein the computing 
device is configured to block access to one or more capa 
bilities of the computing device in the locked stated, wherein 
the computing device is configured to allow access to the 
one or more capabilities of the computing device in the 
unlocked State. 
0027. The speaker representation can include an output of 
the neural network that indicates distinctive features of the 
user's voice that are determined based on the utterance. 
0028. Some implementations of the subject matter 
described herein can include a computer-implemented 
method. The method can include receiving, at a computing 
device, data that characterizes an utterance of a user of the 
computing device. A speaker representation can be gener 
ated, at the computing device, for the utterance using a 
neural network on the computing device. The neural net 
work can be trained based on a plurality of training samples 
that each: (i) include data that characterizes a first utterance 
and data that characterizes one or more second utterances, 
and (ii) are labeled as a matching sample or a non-matching 
sample according to whether a speaker of the first utterance 
is the same as a speaker of the one or more second 
utterances. A speaker model can be accessed, at the com 
puting device, for an authorized user of the computing 
device. The speaker representation for the utterance can be 
evaluated, at the computing device, with respect to the 
speaker model to determine whether the utterance was likely 
spoken by the authorized user of the computing device. 
0029. Some implementations of the subject matter 
described herein can include a computer-implemented 
method. The computer-implemented method can include 
determining a speaker model for a particular speaker based 
on outputs of a neural network for a first set of utterances, 
the first set including multiple different utterances of the 
particular speaker; determining a speaker representation 
based on output of the neural network for a particular 
utterance that is not in the first set of utterances; comparing 
the speaker representation with the speaker model for the 
particular speaker to classify the particular utterance as an 
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utterance of the particular speaker or as an utterance of a 
speaker other than the particular speaker; and adjusting the 
neural network based on whether the classification of the 
utterance as an utterance of the particular speaker or as an 
utterance of a speaker other than the particular speaker was 
COrrect. 

0030 These and other implementations can include one 
or more of the following features. Multiple different sets of 
utterances can be selected as training data for training the 
neural network. Each set of utterances can include (i) 
multiple different first utterances of a first speaker for the 
respective set of utterances, and (ii) a second utterance of 
either the first speaker for the respective set of utterances or 
a second speaker for the respective set of utterances other 
than the first speaker. The multiple different sets of utter 
ances can be used to iteratively train the neural network. 
Each set of utterances from the multiple different sets of 
utterances can be used in a different training iteration for 
training the neural network. The first set of utterances can be 
selected from the multiple different sets of utterances, 
wherein the particular speaker is the first speaker for the first 
set of utterances. 

0031. Further implementations of the subject matter 
described herein can include corresponding systems, appa 
ratus, and computer programs, configured to perform the 
actions of the methods, encoded on computer storage 
devices. A system of one or more computers can be so 
configured by virtue of software, firmware, hardware, or a 
combination of them installed on the system that in opera 
tion cause the system to perform the actions. One or more 
computer programs can be so configured by virtue of having 
instructions that, when executed by one or more data pro 
cessing apparatuses, cause the apparatuses to perform the 
actions. 

0032 Some implementations of the subject matter 
described herein may realize none, one, or more of the 
following advantages. A neural network can be trained to 
generate speaker representations for use in a speaker veri 
fication model that is capable of more accurately verifying 
a speaker's identity based on characteristics of the user's 
voice. Target performance levels may be achieved with a 
compact neural network that can be stored and used on a 
mobile computing device having limited computing 
resources. Additionally, the neural network may be trained 
in a manner that simulates verification and enrollment 
phases of a speaker verification process. AS Such, the neural 
network may achieve better performance due the symmetry 
between the training phase and the verification and enroll 
ment phases of the speaker verification process. One benefit 
of training a neural network according to the approaches 
described herein, in contrast to other approaches that involve 
training a neural network to classify inputs as belonging to 
a particular speaker among a number of pre-selected speak 
ers, is that a greater number and variety of speakers may be 
used to train the network. Additionally, there may be no 
minimum number of training utterances required for each 
training speaker to ensure reliable training. Moreover, the 
neural network may be configured to process data charac 
terizing entire utterances in a single pass through the neural 
network, without a need to process frames of the utterance 
through the neural network in individual passes. 
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BRIEF DESCRIPTION OF THE DRAWINGS 

0033 FIG. 1 depicts a schematic diagram of an example 
client device and computing system carrying out operations 
to (i) train a neural network, (ii) enroll a user at a computing 
device, and (iii) verify an utterance of a user of the com 
puting device based on distinctive features of the user's 
Voice. 
0034 FIG. 2 depicts a block diagram of an example 
system for training a neural network to determine speaker 
representations for use in speaker verification tasks. 
0035 FIG. 3 depicts a flowchart of an example process 
for training a neural network to determine speaker repre 
sentations that indicate distinctive characteristics of Voices. 
0036 FIG. 4A is a conceptual diagram illustrating an 
example selection of a Subset of training utterances from 
groups of utterances for different speakers within an utter 
ance pool. 
0037 FIG. 4B is a conceptual diagram illustrating an 
example selection of a batch of training data from utterance 
pools for training a neural network. 
0038 FIG. 5A depicts a block diagram of an example 
deep neural network configured to process data character 
izing at least a portion of an utterance, and to generate a 
speaker representation based on the data characterizing the 
at least the portion of the utterance. 
0039 FIG. 5B depicts a block diagram of an example 
recurrent neural network having a long-short-term memory 
layer that is configured for use in a speaker verification 
model. 
0040 FIG. 6 depicts a flowchart of an example process 
for using a neural network on a computing device to verify 
the identity of a user based on characteristics of the user's 
voice determined from an utterance of the user. 
0041 FIG. 7 depicts an example of a computing device 
and a mobile computing device that can be used in carrying 
out the computer-implemented methods and other tech 
niques described herein. 

DETAILED DESCRIPTION 

0042 FIG. 1 is a schematic diagram of an example 
system 100 for training a neural network for a speaker 
verification model, and for carrying out a process of speaker 
verification using the model. Generally, speaker verification 
is the task of accepting or rejecting the identity claim of a 
speaker based on characteristics of the speaker's voice, as 
determined from one or more utterances of the speaker. As 
depicted in FIG. 1, speaker verification can generally 
include three phases, namely (i) training of a neural network 
for the speaker verification model, (ii) enrollment of a new 
speaker, and (iii) Verification of the enrolled speaker. 
0043. The system 100 includes a client device 110, a 
computing system 120, and a network 130. In some imple 
mentations, the computing system 120 may provide a 
speaker verification model 144 based on a trained neural 
network 140 to the client device 110. In some implementa 
tions, the speaker verification model 144 may be pre 
installed on the client device 110, for example, as a com 
ponent of an operating system or application. In other 
implementations, the speaker verification model 144 may be 
received over the network 130. The client device 110 may 
use the speaker verification model 144 to enroll the user 102 
to the speaker verification process. When the identity of the 
user 102 needs to be verified at a later time, the client device 
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110 may receive a speech utterance of the user 102 to verify 
the identity of the user 102 using the speaker verification 
model 144. Because the speaker verification model 144 may 
be stored locally at the client device 110, the client device 
110 may be able to make a speaker verification decision 
without communication over the network 130. 

0044 Although not shown in FIG. 1, in some implemen 
tations, the computing system 120 may store the speaker 
verification model 144 based on the trained neural network 
140, rather than or in addition to the neural network 140 
being stored on the client device 110. In these implementa 
tions, the client device 110 may communicate with the 
computing system 120 via the network 130 to remotely 
access and use the speaker verification model 144 for 
enrollment of the user 102. When the identity of the user 102 
needs to be verified at a later time, the client device 110 may 
receive a speech utterance of the user 102, and may com 
municate with the computing system 120 via the network 
130 to verify the identity of the user 102 using the remotely 
located speaker verification model 144. The computing 
system 120 and the computing device 110 may be distinct 
and physically separate from each other. 
0045. In the system 100, the client device 110 can be, for 
example, a desktop computer, laptop computer, a tablet 
computer, a watch, a wearable computer, a cellular phone, a 
Smartphone, a music player, an e-book reader, a navigation 
system, or any other appropriate computing device that a 
user may interact with. In some implementations, the client 
device 110 may be a mobile computing device. The com 
puting system 120 can include one or more computers, and 
may perform functions on individual ones of the computers, 
or the functions may be distributed for performance across 
multiple computers. The network 130 can be wired or 
wireless or a combination of both and can include the 
Internet. 

0046. In some implementations, a client device 110, such 
as a phone of a user, may store a speaker verification model 
144 locally on the client device 110, allowing the client 
device 110 to verify a user's identity without relying on a 
model at a remote server (e.g., the computing system 120) 
for either the enrollment or the verification process, and 
therefore may save communication bandwidth and time. 
Moreover, in Some implementations, when enrolling one or 
more new users, the speaker verification model 144 
described here does not require any retraining of the speaker 
verification model 144 using the new users, which can also 
be computationally efficient. In other implementations, 
utterances of a given user that are provided for enrollment, 
verification, or both, may be provided to the computing 
system 120 and added to the training data so that the neural 
network (and thus the speaker verification model) may be 
regularly updated based using newly collected training data. 
0047. It is desirable that the size of the speaker verifica 
tion model 144, including the trained neural network 140, be 
compact because the storage and memory space on the client 
device 110 may be limited. As described below, the speaker 
verification model 144 is based on a trained neural network 
140. The speaker verification model 144 may include the 
neural network 140 to generate, based on data that charac 
terizes an utterance, a speaker representation that indicates 
distinctive features of the voice of a speaker of the utterance. 
The speaker verification model 144 may include further 
components to process the speaker representation and to 
determine whether the voice of the speaker of the utterance 
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is sufficiently similar to the voice of an enrolled user, such 
that an identity claim of the speaker of the utterance can be 
verified. 

0048. In some implementations, the neural network may 
be trained using a large set of training data. Various tech 
niques may be applied during pre-processing of the training 
data, during training itself, or during a post-training stage to 
enforce and/or reduce a size of the neural network so as to 
achieve a compact model size. For example, the speaker 
verification model 144 may be constructed by selecting only 
certain layers of the neural network 140, which may result 
in a compact speaker verification model Suitable for storage 
on the client device 110. Enrollment may be performed 
without a softmax or other classification layer in generating 
the speaker representations for the speaker model. 
0049 FIG. 1 also illustrates an example flow of data, 
shown in stages (A) to (F). Stages (A) to (F) may occur in 
the illustrated sequence, or they may occur in a sequence 
that is different than in the illustrated sequence. In some 
implementations, one or more of the stages (A) to (F) may 
occur offline, where the computing system 120 may perform 
computations when the client device 110 is not connected to 
the network 130. Stages (A) and (B) generally occur during 
the training phase that was referred to above. Stage (D) 
generally occurs during the enrollment phase. Stages (E)- 
(G) generally occur during the verification phase. 
0050. At stage (A), the computing system 120 selects 
samples of training utterances to provide to the neural 
network 140 for supervised training of the neural network 
140. In some implementations, the utterances in the training 
samples 122 may each consist of one or more predetermined 
words spoken by many different training speakers, the 
utterances having been previously recorded and made acces 
sible for use by the computing system 120. Each training 
speaker may speak a predetermined utterance to a comput 
ing device, and the computing device may record an audio 
signal that includes the utterance. For example, each training 
speaker may be prompted to speak the training phrase 
“Hello Phone.” In some implementations, each training 
speaker may be prompted to speak the same training phrase 
multiple times. The recorded audio signal of each training 
speaker may be transmitted to the computing system 120, 
and the computing system 120 may collect the recorded 
audio signals from many different computing devices and 
many different training speakers. In some implementations, 
the neural network 140 may be optimized for text-dependent 
speaker verification, in that a user's identity may be verified 
based on characteristics of the user's voice determined from 
an utterance of the pre-defined training phrase. In Such 
implementations, the neural network 140 may be trained on 
utterances that all, or Substantially all, include the pre 
defined training phrase. In other implementations, the neural 
network 140 may be trained to allow for text-independent 
speaker verification, in that a user's identity may be verified 
based on characteristics of the user's voice determined from 
an utterance of a wide variety of words or phrases, which 
may not be pre-defined. For example, a user could indepen 
dently decide which words or phrases that he or she wishes 
to speak to verify his or her identity, and the speaker 
verification model based on the trained neural network 140 
could then authenticate the user given the spoken words or 
phrases. To allow for text-independent speaker verification, 
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the neural network 140 may be trained on utterances of a 
wide variety of words or phrases spoken by many different 
training speakers. 
0051. At stage (B), the neural network 140 may be 
trained in a manner that parallels the enrollment and veri 
fication of users at a client device. Accordingly, the com 
puting system 120 can select in each training sample 122 a 
set of simulated enrollment utterances 122b and a simulated 
verification utterance 122a. The simulated enrollment utter 
ances 122b may all be utterances of the same training 
speaker, such that a simulated speaker model can be deter 
mined for each training sample 122. The simulated verifi 
cation utterance 122a may be an utterance of the same 
speaker as the speaker of the simulated enrollment utter 
ances 122b, or may be an utterance of a different speaker. 
The training samples 122 can then be provided to the neural 
network 140, and a classification can be made based on 
outputs of the neural network 140 as to whether the simu 
lated verification utterance 122a was spoken by the same 
speaker as the speaker of the simulated enrollment utter 
ances 122b, or by a different speaker from the speaker of the 
simulated enrollment utterances 122b. The neural network 
140 can then be updated based on whether the speaker 
determination was correct. In some implementations, each 
training sample 122 may be labeled as belonging to one of 
two classes: a matching speakers class 141a (for samples 
where the speakers of the simulated verification and enroll 
ment utterances are the same) and a non-matching speakers 
class 141b (for samples where the speakers of the simulated 
verification and enrollment utterances are different). These 
labels indicate the ground truth of whether the same speaker 
spoke the utterances 122a and the utterances 122b. The 
correctness of the classification of a training sample 122 can 
be determined based on the sample's label. In some imple 
mentations, the adjustments to the neural network may not 
be based strictly on the correctness of a classification of an 
input sample, but may generally be based on one or more 
metrics determined from a comparison of speaker represen 
tations generated by the neural network for the simulated 
verification utterance 122a and the simulated enrollment 
utterances 122b. In some implementations, the training 
samples 122 may be selected from a repository of training 
data, which may be organized into utterance pools 121. Each 
of the utterance pools 121 may include training utterances 
that are grouped by the training speaker of the utterances. 
0052. The neural network 140 may include an input layer 
for inputting information about the utterances in the training 
samples 122, and several hidden layers for processing the 
samples 122. The weights or other parameters of one or 
more hidden layers may be adjusted so that the trained 
neural network 140 produces output that causes the speaker 
verification model 144 to generate the desired classification 
of the training samples 122 as having either matching or 
non-matching speakers among the simulated verification 
and enrollment utterances of the samples 122. In some 
implementations, the parameters of the neural network 140 
may be adjusted automatically by the computing system 
120. In some other implementations, the parameters of the 
neural network 140 may be adjusted manually by an opera 
tor of the computing system 120. The training phase of a 
neural network is described in more details below in the 
descriptions of FIGS. 2, 3, 4A-B, and 5A-B, for example. 
0053 At stage (C), once the neural network 140 has been 
trained, a speaker verification model 144 based on the 
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trained neural network 140 is transmitted from the comput 
ing system 120 to the client device 110, for example, through 
the network 130. In some implementations, the trained 
neural network 140, or a portion thereof, may be a compo 
nent of the speaker verification model 144. The speaker 
verification model 144 can be configured to verify an 
identity of the user 102 based on characteristics of the user's 
voice determined from one or more utterances of the user 
102. The model 144 may be configured to provide data 
characterizing an utterance of the user 102 as input to the 
trained neural network 140, in order to generate a speaker 
representation for the user 102 that indicates distinctive 
features of the user's voice. The speaker representation can 
then be compared to a model of the user's voice that has 
been previously determined. If the speaker representation is 
sufficiently similar to the user's speaker model, then the 
speaker verification model 144 can output an indication that 
the identity of the user 102 is valid. In contrast, if the speaker 
representation is not sufficiently similar to the user's speaker 
model, then the speaker verification model 144 can output an 
indication that the identity of the user 102 is invalid (not 
verified). 
0054. At stage (D), a user 102 who desires to enroll his 
or her voice with the client device 110 provides one or more 
enrollment utterances 152 to the client device 110 in the 
enrollment phase. In general, the user 102 is not one of the 
training speakers whose voices were used in training the 
neural network 140. In some implementations, the client 
device 110 may prompt the user 102 to speak an enrollment 
phrase that is the same phrase spoken by the set of training 
speakers in the utterances of the training samples 122. In 
Some implementations, the client device 110 may prompt the 
user to speak the enrollment phrase several times, and may 
record audio signals for the spoken enrollment utterances as 
the enrollment utterances 152. 

0055. The client device 110 uses the enrollment utter 
ances 152 to enroll the user 102 in a speaker verification 
system of the client device 110. In general, the enrollment of 
the user 102 is done without retraining the neural network 
140. Respective instances of the same speaker verification 
model 144 may be used at many different client devices, and 
for enrolling many different speakers, without requiring that 
changes be made to the weight values or other parameters in 
the neural network 140. Because the speaker verification 
model 144 can be used to enroll any user without retraining 
the neural network 140, enrollment may be performed at the 
client device 110 with limited processing requirements. 
0056. In some implementations, information about the 
enrollment utterances 152 is input to the speaker verification 
model 144, and the speaker verification model 144 may 
output a reference vector or other set of values correspond 
ing to the user 102. The reference vector or other set of 
values may constitute a speaker model that characterizes 
distinctive features of the user's voice. The speaker model 
may be stored on the client device 110, or at a computing 
system remote from the client device 110, so that speaker 
representations generated based on utterances later received 
by the client device 110 may be compared against the 
speaker model to verify whether respective speakers of the 
later-received utterances are the user 102 or are other 
speakers. 
0057. At stage (E), the user 102 attempts to gain access 
to the client device 110 using voice authentication. The user 
102 provides a verification utterance 154 to the client device 
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110 in the verification phase. In some implementations, the 
verification utterance 154 is an utterance of the same phrase 
that was spoken as the enrollment utterance 152. The 
verification utterance 154 is used as input to the speaker 
verification model 144. 

0058. At stage (F), the client device 110 determines 
whether the user's voice is a match to the voice of the 
enrolled user. In some implementations, the neural network 
140 may process data that characterizes the verification 
utterance 154, and may output a speaker representation for 
the user 102 based on the verification utterance 154. In some 
implementations, the client device 110 may compare the 
speaker representation for the user 102 with the speaker 
model for the enrolled user to determine whether the veri 
fication utterance 154 was spoken by the enrolled user. The 
verification phase of a neural network is described in more 
detail below with respect to FIG. 6, for example. 
0059. At stage (G), the client device 110 provides an 
indication that represents a verification result 156 to the user 
102. In some implementations, if the client device 110 has 
accepted the identity of the user 102, the client device 110 
may send the user 102 a visual or audio indication that the 
verification is successful. In some other implementations, if 
the client device 110 has accepted the identity of the user 
102, the client device 110 may prompt the user 102 for a next 
input. For example, the client device 110 may output a 
message “Device enabled. Please enter your search” on the 
display. In some other implementations, if the client device 
110 has accepted the identity of the user 102, the client 
device 110 may perform a Subsequent action without waiting 
for further inputs from the user 102. For example, the user 
102 may speak “Hello Phone, search the nearest coffee 
shop' to the client device 110 during the verification phase. 
The client device 110 may verify the identity of the user 102 
using the verification phrase “Hello Phone.” If the identity 
of the user 102 is accepted, the client device 110 may 
perform the search for the nearest coffee shop without asking 
the user 102 for further inputs. Generally, in some imple 
mentations, if the client device 110 has accepted the identity 
of the user 102, the client device 110 may respond by 
transitioning from a locked State, in which one or more 
capabilities of the client device 110 are disabled or blocked, 
to an unlocked state, in which the capabilities are enabled or 
otherwise made available to the user 102 to access. Simi 
larly, the client device 110 may “wake' or transition from a 
low-power state to a more fully-featured State in response to 
a Successful verification. 
0060. In some implementations, if the client device 110 
has rejected the identity of the user 102, the client device 110 
may send the user 102 a visual or audio indication that the 
verification is rejected. In some implementations, if the 
client device 110 has rejected the identity of the user 102, the 
client device 110 may prompt the user 102 for another 
utterance attempt. In some implementations, if the number 
of attempts exceeds a threshold, the client device 110 may 
block the user 102 from further attempting to verify his or 
her identity. 
0061 Turning to FIG. 2, a block diagram is shown of an 
example system 200 for training a neural network 206. At a 
completion of the training phase illustrated by FIG. 2, the 
trained neural network 206 may be capable of processing 
data that characterizes an utterance of a speaker, and gen 
erating a speaker representation for the speaker that indi 
cates distinctive features of the speaker's voice. The speaker 
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representation may then be used by a speaker verification 
model in either generating a speaker model for the speaker 
during the enrollment phase, or in verifying an identity of 
the speaker during the verification phase. 
0062 Generally, FIG. 2 illustrates that the neural network 
206 may be trained in a manner that parallels the enrollment 
and verification phases that later occur at client devices 
performing a speaker verification task. Unlike some 
approaches that train the neural network 206 to classify 
training utterances from a finite number of speakers into 
corresponding classes for each of the speakers, the neural 
network 206 in FIG. 2 is not trained to determine the 
particular speaker of a given utterance. Instead, the neural 
network 206 is trained to generate speaker representations 
that are distinctive and usable to determine whether or not 
the speaker of a given utterance is the same as the speaker 
of another set of utterances, without necessarily matching 
any of the utterances to a specific speaker identity. In this 
way, the loss function optimized during training is the same 
function utilized by the speaker verification model during 
the verification phase. In other words, during verification, a 
speaker representation based on a verification utterance is 
compared to a speaker model for an enrolled user. If the 
speaker representation is sufficiently similar to the speaker 
model, then an identity of the speaker of the verification 
utterance is verified. The approach depicted in FIG. 2 
employs similar techniques during training. Namely, a simu 
lated speaker model 214 is generated based on speaker 
representations for one or more enrollment utterances, and a 
speaker representation 208 is also generated for a simulated 
verification utterance 202. The weight values and other 
parameters of the neural network 206 are adjusted during 
training so as to minimize the error in classifying the 
simulated verification utterance 202 as being spoken by a 
same or different speaker as the simulated enrollment utter 
ances 204a-n. 

0063 FIG. 2 depicts a forward pass of a single training 
iteration based on a sample of training data that includes data 
characterizing a simulated verification utterance 202 and 
data characterizing one or more simulated enrollment utter 
ances 204a-n. In practice, the neural network 206 is trained 
over many iterations and many different samples of training 
data. With each iteration, the neural network 206 may be 
adjusted based on results of processing the corresponding 
sample of training data for the respective iteration. FIGS. 4A 
and 4B, described further below, depict example techniques 
by which the simulated verification utterance 202 and the 
simulated enrollment utterances 204a-n may be selected. 
The simulated enrollment utterances 204a-n for a particular 
sample are generally all utterances spoken by the same 
training speaker. Although the speaker of the simulated 
enrollment utterances 204a-n may be different among dif 
ferent samples of training data for different training itera 
tions, within a given training sample for a given training 
iteration all of the enrollment utterances 204a-n are gener 
ally spoken by the same training speaker. The simulated 
verification utterance 202 may have been spoken by the 
same training speaker as the speaker of the simulated 
enrollment utterances 204a-n, or may have been spoken by 
a different training speaker than the speaker of the simulated 
enrollment utterances 204a-in. For samples of training data 
in which the speaker is the same among both the simulated 
verification utterance 202 and the simulated enrollment 
utterances 204a-n, the sample may be labeled as a “match 
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ing sample. For samples of the training data in which the 
speaker is different among the simulated verification utter 
ance 202 and the simulated enrollment utterances 204a-n, 
the sample may be labeled as a “non-matching” sample. The 
labels may represent true classifications of the training 
samples, and may be determined in a pre-processing phase 
before training. In some implementations, the estimated 
classification of a training sample based on output of the 
neural network 206 may be compared to the true classifi 
cation indicated by the label for the training sample to 
determine whether to adjust the neural network 206. 
0064. In some implementations, the data in the training 
sample may not be the raw audio signals for the simulated 
verification and enrollment utterances 202, 204a-n. Instead, 
the utterances 202, 204a-n may have been processed and 
converted into an appropriate format for processing by the 
neural network 206. For example, the data in the training 
sample may characterize respective features of the simulated 
verification and enrollment utterances 202, 204a-n, rather 
than the raw audio signals themselves. In some implemen 
tations, the data representing each of the simulated utter 
ances 202, 204a-n in the training sample may include one or 
more log-filterbanks for the respective utterance. In some 
implementations, each utterance may be segmented in time 
into a plurality of frames for the utterance, and separate 
log-filterbanks can be generated for each frame of the 
utterance. For example, each frame of the utterance may be 
represented by, say, forty log-filterbanks. 
0065. In some implementations, the data characterizing 
the simulated verification utterance 202 and the data char 
acterizing each of the simulated enrollment utterances 
204a-n can be processed at once (i.e., in a single pass) 
through the neural network 206. Thus, even though the 
training data for a given utterance is segmented into multiple 
frames that are each represented by a respective set of 
log-filterbanks, the data characterizing all of the frames for 
an entirety of the utterance can be inputted into the neural 
network 206 (e.g., as an 80x40 feature vector for 80 frames 
with 40 log-filterbanks each) for processing in a single pass 
through the neural network. This stands in contrast to 
individually inputting data for each frame of the utterance 
into the neural network 206 for separate processing of the 
frames. In other implementations, data characterizing indi 
vidual frames of the utterances 202, 204a-n can be provided 
as input to the neural network 206, rather than training the 
neural network 206 to process data characterizing an entirety 
of each utterance 202, 204a-n in a single pass through the 
neural network 206. 

0066. In some implementations, the simulated verifica 
tion and enrollment utterances 202, 204a-n may be pre 
processed according to one or more additional techniques. 
For example, the structure of the neural network 206 may 
require that the training utterances all have a fixed length 
(e.g., 0.8 seconds of audio). At least Some of the utterances 
202, 204a-n may thus be the result of cropping longer 
utterances to a uniform length, and/or padding some shorter 
utterances to make longer clips. In other implementations, 
however, the neural network 206 may be capable of pro 
cessing variable length utterances, in which case the utter 
ances 202, 204a-n in the training data may not be cropped 
or padded to a fixed length. The audio for the utterances 202, 
204a-n may also have been equalized, and noise may have 
been added or removed from the training utterances 202, 
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204a-n to ensure that the neural network is trained to 
perform robustly in the presence of noise. 
0067. The portion of the system 200 within dashed-line 
box 215 simulates the enrollment phase of a speaker veri 
fication process, in that data characterizing a plurality of 
simulated enrollment utterances 204a-n are used to generate 
a simulated speaker model 214 for the particular training 
speaker of the simulated enrollment utterances 204a-n. The 
respective data characterizing each of the simulated enroll 
ment utterances 204a-n is separately inputted into the neural 
network 206 at an input layer of the neural network 206. The 
neural network 206 processes the data through one or more 
hidden layers, and generates a respective speaker represen 
tation 210a-n for each of the simulated enrollment utter 
ances 204a-in. For example, as shown in FIG. 2, speaker 
representation 1 (210a) is generated by the neural network 
206 based on simulated enrollment utterance 1 (204a). 
Likewise, speaker representation 2 (210b) is generated by 
the neural network 206 based on simulated enrollment 
utterance 2 (204b). A speaker representation can thus be 
generated by the neural network 206 for each of the simu 
lated enrollment utterances 204a-in. In some implementa 
tions, the speaker representations 210a-n may be generated 
by serially processing each of the simulated enrollment 
utterances 204a-n through the neural network 206. In some 
implementations, the speaker representations 210a-n can be 
generated concurrently by parallel processing the data that 
characterizes the utterances 204a-n with respective 
instances of the neural network 206 for each of the simulated 
enrollment utterances 204a-n. The speaker representations 
210a-n generally each include a collection of values that 
represent distinctive characteristics of the simulated-enroll 
ment training speaker's voice, as determined by the neural 
network 206 based on a corresponding one of the simulated 
enrollment utterances 204a-in. In some implementations, the 
speaker representations 210a-n may indicate the weight 
values or other parameters of a last hidden layer of the neural 
network 206. In some implementations, the speaker repre 
sentations 210a-n may be a final output of the neural 
network 206 when the neural network 206 is configured 
without a softmax output layer. 
0068 To generate the simulated speaker model 214, the 
speaker representations 210a-in can be averaged, as shown in 
box. 212 of FIG. 2. Accordingly, the simulated speaker 
model 214 may define a collection of values that represent 
the distinctive characteristics of the voice of the training 
speaker of the simulated enrollment utterances 204a-n. By 
averaging multiple speaker representations 210a-n to deter 
mine the simulated speaker model 214, variations in the 
speaker's voice among the different simulated enrollment 
utterances 204a-n can be smoothed. The simulated speaker 
model 214 may thus be a more reliable representation of the 
speaker's voice than any of the individual speaker repre 
sentations 210a-n, which may individually reflect idiosyn 
crasies of a given simulated enrollment utterance 204a-n. 
0069. In some implementations, the total number of 
simulated enrollment utterances 204a-n in each sample of 
training data for each training iteration may vary. For 
example, a first training sample for a first training iteration 
may include 9 simulated enrollment utterances 204a-n. A 
second training sample for a second training iteration, how 
ever, may include only 4 simulated enrollment utterances 
204a-n. In other implementations, the total number of simu 
lated enrollment utterances 204a-n in each sample of train 
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ing data for each training iteration may be fixed. For 
example, the neural network 206 may be trained over a 
series of iterations in which the set of training data for each 
iteration includes a total of 5 simulated enrollment utter 
ances 204a-n. In some implementations, one, Some, or all of 
the training iterations may be performed with training 
samples that include just a single simulated enrollment 
utterance 204a-n. 

0070. In the same manner that the speaker representations 
210a-n were generated from the data that characterizes the 
simulated enrollment utterances 204a-n, a speaker represen 
tation 208 can be generated from data that characterizes the 
simulated verification utterance 202. The data that charac 
terizes the simulated verification utterance 202 (e.g., log 
filterbank values characterizing features of the verification 
utterance 202) can be provided to an input layer of the neural 
network 206. The neural network 206 then processes the 
input through one or more hidden layers of the network. The 
output of the neural network 206 is a speaker representation 
208 that defines a collection of values indicating distinctive 
characteristics of a voice of a speaker who spoke the 
simulated verification utterance 202. 

0071. To further parallel the verification phase during 
training of the neural network 206, the speaker representa 
tion 208 based on the simulated verification utterance 202 
can be compared to the simulated speaker model 214 in the 
same manner that would occur on a client device, for 
example, by the speaker verification model during the Veri 
fication phase. In some implementations, the comparison 
can be performed by taking the cosine distance (as shown in 
block 216) of (1) a first vector defining the collection of 
values for the simulated speaker representation 208 and (2) 
a second vector defining the collection of values for the 
simulated speaker model 214. A logistic regression 218 can 
then be applied to the distance to estimate whether the 
training speaker who spoke the simulated verification utter 
ance 202 is the same or different than the training speaker 
who spoke the simulated enrollment utterances 204a-n. This 
is represented in FIG. 2 by a first block 220a for a matching 
speakers class, and a second block 220b for a non-matching 
speakers class. In some implementations, classification tech 
niques other than a logistic regression 218 may be applied to 
make a determination as to whether the training speaker who 
spoke the simulated verification utterance 202 is the same or 
different than the training speaker who spoke the simulated 
enrollment utterances 204a-in. For example, a hinge layer or 
a softmax layer may be used for the classification in some 
alternatives. In a two-class model like that shown in FIG. 2, 
the Softmax and logistic regression techniques may use a 
same or similar optimization function. 
0072 The weight values or other parameters of the neural 
network 206 can then be adjusted, as represented by block 
222, based on a result of the comparison of the speaker 
representation 208 for the simulated verification utterance 
202 with the simulated speaker model 214. For example, if 
the training sample were labeled as truly having non 
matching speakers, incorrectly classified the training sample 
as having matching speakers, then the neural network 206 
may be automatically adjusted to correct the error. More 
generally, the neural network 206 may be optimized so as to 
maximize the similarity score for matching speakers 
samples or to optimize a score output by the logistic regres 
sion, and the neural network 206 may also be optimized so 
as to minimize the similarity Score for non-matching speak 
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ers samples or to optimize the score output by the logistic 
regression. In some implementations, adjustments to the 
neural network 206 can occur in response to the results of 
each training sample for each training iteration, or the neural 
network 206 may be adjusted based on the results of only 
Some of the training iterations. In some implementations, the 
neural network 206 may be adjusted so as to maximize the 
distance (i.e., maximize differences) between the speaker 
representation 208 and the simulated speaker model 214 for 
non-matching speakers, while minimizing the distance (i.e., 
minimize differences) between the speaker representation 
208 and the simulated speaker model 214 for matching 
speakers. Note that, in some implementations, a hard deci 
sion to classify a training sample as belonging to either the 
matching speakers class 220a or the non-matching speakers 
class 220b may not be made during the training phase. 
Rather, the neural network 206 may be adjusted in a manner 
that optimizes the scores output by the logistic regression 
layer 218, or that optimizes one or more other metrics. 
(0073. Referring now to FIG.3, a flowchart is shown of an 
example process 300 for training a neural network that may 
be used in a speaker verification model. In some implemen 
tations, the process 300 may be carried out by the computing 
systems described herein, such as the computing system 120 
from FIG. 1 and the computing system 200 from FIG. 2. 
0074 The process 300 commences at stage 302, where a 

first set of training data is selected (i.e., a first training 
sample). The first set of training data can include data 
characterizing a simulated verification utterance and data 
characterizing one or multiple simulated enrollment utter 
ances. The utterances in the training set are "simulated in 
that they are used in the training process in a manner that 
parallels, or “simulates, the enrollment and verification 
phases of speaker verification during the training phase. 
However, the utterances themselves are generally real Snip 
pets of recorded speech spoken by training speakers. The 
training speakers are generally not the same speakers who 
provide utterances during the actual enrollment and Verifi 
cation phases of the speaker verification process. FIGS. 4A 
and 4B, which are described further below, depict example 
techniques for selecting the simulated verification and 
enrollment utterances. 

0075. The selected set of training data (i.e., the selected 
sample) may be labeled according to whether it represents 
speech of matching speakers or a sample for non-matching 
speakers. If the speaker of the simulated verification utter 
ance is the same as the speaker of the simulated enrollment 
utterances, then the set of training data is labeled as a 
matching speaker sample. If the speaker of the simulated 
verification utterance is different from the speaker of the 
simulated enrollment utterances, then the set of training data 
is labeled as a non-matching speaker sample. In some 
implementations, the labels can be used later in the training 
process 300 to determine whether an estimated classification 
of the set of training data as either being a matching or 
non-matching sample is accurate or not. 
0076. In some implementations, the selected set of train 
ing data may include not the raw audio signal for the 
simulated verification and enrollment utterances, but instead 
data that characterizes features of the utterances. For 
example, each utterance represented in the set of training 
data can be characterized by a set of log-filterbanks deter 
mined for fixed-length frames of the utterance. The log 
filterbanks for each frame of the utterance may then be 



US 2017/0069327 A1 

concatenated into a single set of input values that are 
provided as input to the neural network and that characterize 
an entirety of the utterance. 
0077. At stages 304 and 306 of the process 300, speaker 
representations are determined for each of the utterances 
characterized in the first set of training data. The speaker 
representations can each be a collection of values that 
indicate distinctive features of a voice of the training speaker 
who spoke the corresponding utterance for the respective 
speaker representation. For example, a first speaker repre 
sentation may be generated based on the simulated verifi 
cation utterance, and respective second speaker representa 
tions may be generated based on each of the simulated 
enrollment utterances. To generate the speaker representa 
tions, the data characterizing an utterance is provided to an 
input layer of the neural network being trained. The neural 
network then processes the input data through one or more 
hidden layers of the network. The speaker representation is 
then an output of the neural network. In some implementa 
tions, the output is output at an output layer that is not a 
Softmax layer. The final layer providing the output may be 
a fully connected, linear layer. In some implementations, the 
speaker representation may include the values generated at 
or activations of a last hidden layer of the neural network, 
rather than the output of a sofmax output layer. The neural 
network may be configured without a Softmax output layer 
in Some implementations. 
0078. At stage 308, the speaker representations corre 
sponding to the simulated enrollment utterances are com 
bined to create a simulated speaker model. The simulated 
speaker model can be an average of the speaker represen 
tations for the simulated enrollment utterances. By averag 
ing the speaker representations, a reliable model character 
izing the Voice of the training speaker can be determined. 
For example, variations in the manner that the speaker spoke 
each of the simulated enrollment utterances may be 
Smoothed so that the speaker model can be used a robust 
baseline to which the speaker representation for the simu 
lated verification utterance is compared. In some implemen 
tations, the process 300 may select only a subset of the 
speaker representations for the simulated enrollment utter 
ances to combine in generating the simulated speaker model. 
For example, a measure of quality of each of the simulated 
enrollment utterances or the corresponding simulated enroll 
ment utterances may be determined. The process 300 may 
then select only those speaker representations that meet a 
threshold quality score, or those speaker representations 
whose corresponding utterances meet a threshold quality 
score, for inclusion in the set of representations used to 
generate the simulated speaker model. 
0079 At stage 310, the speaker representation for the 
simulated verification utterance is compared to the simulated 
speaker model. In some implementations, a binary classifier 
is used to classify the data sample as representing matching 
speakers or not. In some implementations, the comparison 
can include determining a measure of similarity between the 
speaker representation for the simulated verification utter 
ance and the simulated speaker model. For example, the 
measure of similarity may be a cosine distance between a 
vector of values for the speaker representation and a vector 
of values for the simulated speaker model. The measure of 
similarity may then be used to estimate a classification of the 
first set of training data as either a matching speakers sample 
or a non-matching speakers sample. For example, if the 
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measure of similarity is sufficiently high (e.g., meets a 
threshold similarity score), then a logistic regression may be 
used to map the set of training data to a class of matching 
speakers. On the other hand, if the measure of similarity is 
too low (e.g., does not meet the threshold similarity score), 
then the logistic regression may be used to map the set of 
training data to a class of non-matching speakers. 
0080 Next, at stage 312, one or more parameters of the 
neural network may be adjusted based on a result of the 
comparison at stage 310 between the speaker representation 
for the simulated verification utterance and the simulated 
speaker model. For example, the weights of the various 
nodes in the hidden layers, or other parameters of the neural 
network may be adjusted so as to increase the distance 
(reduce the similarity score) between the speaker represen 
tation and the simulated speaker model if the training data 
was labeled as a non-matching speakers sample. Addition 
ally, the weights or other parameters of the neural network 
may be adjusted to reduce the distance (increase the simi 
larity score) between the speaker representation and the 
simulated speaker model if the training data was labeled as 
a matching speakers sample. Generally, as each iteration of 
the training process 300 is intended to simulate a respective 
enrollment phase and respective verification phase, the neu 
ral network may be adjusted to optimize a same loss function 
as that which is applied during actual enrollment and Veri 
fication phases during speaker verification. One benefit of 
this approach is that the neural network is trained to better 
generate speaker representations that can be used in a 
speaker verification model for more accurate verification of 
a speaker's identity. For example, in some implementations, 
no additional post-processing steps are taken during actual 
verification of an utterance that are not taken in to account 
when training the neural network. These techniques may 
thus be considered an 'end-to-end' approach to training the 
neural network. 
I0081 Lastly, at stage 314, a next set of training data is 
selected for another iteration of training the neural network. 
Again, the set of training data selected at this stage may 
include data that characterizes a simulated verification utter 
ance and data that characterizes one or more simulated 
enrollment utterances. The process 300 may then repeat 
stages 304-312, and continue selecting additional sets of 
training data for additional training iterations until a limit is 
reached. In some implementations, the limit may result from 
expiring all of the available training data. In some imple 
mentations, the process 300 may continue until a target 
performance level is reached. For example, after a number 
of training iterations, the neural network may be tested 
against a held-out set of data that was not used during the 
training process 300. Training may continue until tests on 
the held-out set indicate that the neural network has 
achieved at least the target performance level. 
I0082 Referring now to FIGS. 4A and 4B, schematic 
diagrams are shown that illustrate example techniques for 
selecting sets of training data to use in training a neural 
network for a speaker verification model. In some imple 
mentations, the techniques described with respect to FIGS. 
4A and 4B can ensure diversity in the training utterances that 
are selected across many training iterations, which may 
result in a better performing neural network for a given 
number of training utterances. 
I0083. In some implementations, all or a portion of the 
available training utterances may be clustered into a plural 
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ity of groups 410a-n. The groups 410a-n may be further 
arranged into an utterance pool 408 that includes a collection 
of groups of training utterances. The training utterances may 
be grouped by speaker in some implementations. For 
example, group 410a includes a plurality of utterances that 
were all spoken by a first speaker, whereas group 410n 
includes a plurality of utterances that were all spoken by 
another speaker. Accordingly, each of the groups 410a-n 
may correspond to different speakers. The groups 410a-n 
may all contain the same number of training utterances, or 
the number of training utterances may vary among different 
ones of the groups 410a-n. 
0084. For each training iteration, the utterance pool 408 
may be accessed, and particular utterances may be selected 
for the sample of training data that will be applied as input 
in the respective training iteration. For example, FIG. 4A 
shows one set of training data that was randomly selected 
from the utterance pool 408 for a training iteration as input 
sample 402. A first group of utterances, corresponding to a 
first speaker, can be selected from the groups 410a-n in the 
utterance pool 408 for use in generating the simulated 
speaker model. The group may be selected randomly or in 
another manner. From the selected group, e.g., group 410a 
in FIG. 4A, a subset of the utterances of the first speaker are 
selected as simulated enrollment utterances 406 in the input 
sample 402. This subset generally includes multiple utter 
ances, and may include the same or a different number of 
utterances from one training iteration to another. Utterances 
from the selected group, e.g., group 410a, may be selected 
randomly so that different combinations of the utterances are 
used to generate different simulated speaker models for the 
first speaker in different training iterations. 
0085. An utterance 404 is also selected as a simulated 
verification utterance. The utterance 404 may be an utter 
ance of the first speaker or of a different speaker, depending 
on whether the training iteration is an example of a match or 
a non-match with the enrollment utterances 406. Both 
matching and non-matching examples are used in training. 
As a result, for Some training iterations, the utterance 404 is 
an utterance of the first speaker, e.g., an utterance from 
group 410a. For other training iterations, the utterance 404 
is an utterance of a second speaker that is different from the 
first speaker, as shown in FIG. 4A, so that the input sample 
402 does not represent a match between the simulated 
verification utterance 404 and the simulated enrollment 
utterances 406. 

I0086. In the example of FIG. 4A, a particular utterance is 
selected (e.g., randomly selected) from a second group 410n 
of utterances as the simulated verification utterance 404. In 
Some implementations, the second group of utterances (from 
which the utterance 404 is selected) may be selected ran 
domly from among the groups 410a-n in the utterance pool 
408, or according to a pattern of varying selection of the 
groups 410a-in. In other implementations, a random selec 
tion may be made as to whether another utterance from the 
same speaker as the speaker of the simulated enrollment 
utterances should be applied as the simulated verification 
utterance. Thus, perhaps the random selection is biased so 
that a fifty percent probability exists that the simulated 
verification utterance 404 will be an utterance of the same 
speaker as the speaker of the simulated enrollment utter 
ances 406. If a result of the random selection is that the input 
sample 402 is to be a matching speaker Sample, then the 
simulated verification utterance 404 can be selected from the 
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same group of utterances 410 as the group of utterances from 
which the simulated enrollment utterances 406 were 
selected. But if a result of the random selection is that the 
input sample 402 is to be a non-matching speaker sample, 
then the simulated verification utterance 404 can be selected 
from a different group of utterances 410 corresponding to a 
different speaker than the group of utterances from which the 
simulated enrollment utterances 406 were selected. 
I0087 Generally, the selection techniques indicated by 
FIG. 4A can allow utterances from different combinations of 
speakers to be applied in different training iterations. For 
example, in a first training iteration, the simulated enroll 
ment utterances may have been spoken by a first speaker, 
and the simulated verification utterance also may have been 
spoken by the first speaker. In a second training iteration, the 
simulated enrollment utterances may have been spoken by a 
second speaker, and the simulated verification utterance may 
have been spoken by a third speaker. Then in a third training 
iteration, the simulated enrollment utterances may have been 
spoken by the first speaker, and the simulated verification 
utterance may have been spoken by the second speaker. In 
Some implementations, a selection algorithm may be 
employed that does not randomly select groups of utterances 
410a-n, but that instead determinatively selects groups of 
utterances 410a-n in a manner that creates different permu 
tations or maximizes a number of permutations in the input 
samples 402 between speakers of the simulated verification 
and enrollment utterances. As a simple example, if three 
groups of utterances A, B, and C from three different training 
speakers were available in the utterance pool 408, then nine 
different input samples 402 may be generated for nine 
training iterations: (A.A), (A, B), (A, C), (B.A), (B, B), (B. 
C), (C., A), (C, B), and (C,C). Training iterations can also 
occur with these same pairings of groups, but with different 
utterances within the groups being selected. 
I0088. One benefit of the training approach described 
herein, in contrast to other approaches that involve training 
a neural network to classify inputs as belonging to a par 
ticular speaker among a number of pre-selected speakers, is 
that a greater number and variety of speakers may be used 
to train the network. Additionally, there is no minimum 
number of training utterances that are required for each 
training speaker to ensure reliable training (other than the 
one or more utterances that are actually used for each 
training speaker), because the network is not trained to 
specific speakers, but is instead trained based on whether a 
given input sample 402 has matching speakers or non 
matching speakers among the simulated verification and 
enrollment utterances. 
I0089 FIG. 4B depicts a schematic diagram 400b of a 
shuffling technique for the selection of utterances for input 
samples during training of the neural network. As shown in 
the figure, the samples in a batch of training samples can all 
come from different pools to obtain better shuffling and 
diversity of utterances among the training samples in the 
batch. The shuffling technique may result in more robust and 
reliable training of the neural network. 
(0090 Turning to FIGS.5A and 5B, block diagrams are 
shown of example neural networks 502, 512 that may be 
employed in a speaker verification model. In some imple 
mentations, either of the neural networks 502, 512 may be 
used to implement the techniques described with respect to 
FIGS. 1-4B and 6, including the training techniques 
described with respect to FIGS. 2-4B. 
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0091. The architecture of the deep neural network 502 in 
FIG. 5A includes a locally connected layer 504, followed by 
one or more fully connected hidden layers 506a-n. The 
locally connected layer 504 and fully connected layers 
506a-n may have rectified linear units (ReLUs). The last 
layer of the network 502 is a fully connected, linear layer 
508, which outputs a speaker representation 510a based on 
the input utterance (or a frame of an utterance) 503a. The 
last layer 502 before the representation 510a is a linear layer 
in order to map the non-negative activations into the full 
space, and to determine projections in Some implementa 
tions. The full space refers to the notion that ReLu activa 
tions can be functions such as y=max(x, 0). Therefore, the 
activations (y) that form the speaker representation may 
always be a positive vector. If such an activation function is 
changed by a linear activation function y=X, then the speaker 
representation can be made as a vector with potentially 
positive and negative values. The latter can be a more 
suitable representation of the speaker when it followed by a 
cosine distance comparison function, for example. 
0092. The configuration of the neural network 502 is 
generally capable of processing fixed length training utter 
ances, or fixed number of frames of utterances. When the 
neural network 502 is trained and later used during runtime 
in the enrollment and verification phases, utterances may be 
cropped or padded, as appropriate, to ensure that the utter 
ance has the fixed length required to be processed by the 
neural network 502. As a result, the neural network 502 can 
compute a speaker representation in a single pass, e.g., a 
single forward propagation through the deep neural network 
502. This allows the speaker representation to be generated 
with lower latency than techniques that involve sequential 
processing of different portions of an utterance. 
0093. Next, the neural network 512 depicted in FIG. 5B 
is a recurrent neural network. Unlike the architecture of 
neural network 502, the neural network 512 is capable of 
processing variable length input utterances. For example, 
utterance 503b may be a training utterance, an enrollment 
utterance, or a verification utterance depending on the con 
text in which the neural network 512 is being used. The 
utterance 503b may be segmented into a plurality of frames, 
which may have a fixed length. The number of frames 
inputted to the neural network 512 may be a function of the 
overall length of the utterance 503b. In other words, longer 
utterances may have more frames, and shorter utterances 
may have fewer frames. The frames of the utterance 503b 
are inputted to a long-short-term-memory (LSTM) layer 
516. One or more additional hidden layers may follow the 
LSTM layer 516. The last layer of the network 512 is again 
a fully connected, linear layer 518. The fully connected, 
linear layer 518 may output a speaker representation 510b 
by mapping the non-negative activations into the full space, 
and determining projections in Some cases. Because the 
neural network 512 is capable of handling variable length 
utterances, it may be well-suited for text-independent 
speaker verification in which the words or phrase of an 
utterance are not pre-defined and may vary among different 
utterances. 

0094. Although the neural networks 502 and 512 
depicted in FIGS.5A and 5B are shown as having particular 
configurations, the neural networks that may be employed 
with the techniques described herein are not limited by these 
examples. For example, the hidden topology of the neural 
networks may have different numbers and arrangements of 
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layers, which may or may not include fully connected layers, 
locally connected layers, or any recurrent layers such as long 
short-term memory layers. The neural network may be a 
convolutional neural network in Some implementations. 
(0095 FIG. 6 is a flowchart of an example process 600 for 
verifying an utterance using a speaker verification model 
and a neural network that has been trained according to the 
techniques described herein. The process 600 generally 
corresponds to the Verification phase (stages E-G) depicted 
in FIG. 1. The neural network referred to in FIG. 6 may be 
trained according to the techniques described with respect to 
FIGS. 2-4B, and may have a structure like that shown in 
FIG. 5A or 5B, in some implementations. 
0096. At stage 602, an utterance can be received from a 
user of a computing device. For example, a user may wish 
to unlock his Smartphone or perform some other function 
with a computing device. However, the Smartphone may 
require the user to authenticate himself or herself before the 
phone will be unlocked, or before the desired function is 
performed. The authentication may be performed based on 
characteristics of the user's voice using a speaker Verifica 
tion model on the phone, in some implementations. The 
phone may prompt the user to speak a verification utterance, 
which may be received and recorded by the phone at stage 
602. 

0097. At stage 604, the phone accesses a neural network 
to generate a speaker representation based on the received 
utterance. The neural network may be stored locally on the 
phone, or may be accessed on a remote computing System 
via an application programming interface (API), for 
example. The neural network may be trained according to 
the techniques described herein, and may have been trained 
based on samples of data that each include a simulated 
verification utterance and a plurality of simulated enrollment 
utterances. The neural network may be configured to pro 
cess, in a single pass through the neural network, data that 
characterizes an entirety of an utterance. At stage 606, data 
that characterizes the received utterance is provided as input 
to the neural network. The neural network processes the 
input and generates a speaker representation that indicates 
distinctive characteristics of the user's voice. 

0098. At stage 608, a speaker model is accessed on the 
phone. The speaker model may indicate distinctive features 
of the Voice of an enrolled user. In some implementations, 
the speaker model may be based on an average of multiple 
speaker representations generated by the neural network 
from data that characterizes respective utterances of the 
enrolled user. At stage 610, the speaker representation that 
was generated at stage 606 based on the verification utter 
ance is compared to the speaker model, or is otherwise 
evaluated with respect to the speaker model. In some imple 
mentations, the comparison or other evaluation is performed 
by a speaker verification model on the user's phone. The 
speaker verification model may determine a distance or 
other measure of similarity between the speaker model and 
the speaker representation for the verification utterance. 
Based on the distance or other measure of similarity, the 
speaker verification model may authenticate the user if the 
user's voice is sufficiently similar to the enrolled user's 
Voice. Otherwise, the speaker verification model may gen 
erate an indication that the user is not authenticated if a 
similarity of the user's voice does not meet at least a 
threshold similarity score with respect to the enrolled user's 
WO1C. 
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0099. In some implementations, if the speaker verifica 
tion model determines with sufficient confidence that the 
verification utterance was spoken by the enrolled speaker, 
the speaker model for the enrolled user may then be updated 
based on the verification utterance. Consider how the device 
may respond to the following three verification utterances, 
for example. The similarity score for the first of three 
verification utterances is below a first threshold value such 
that the speaker verification model rejects the identity of the 
user who spoke the first verification utterance (e.g., therefore 
the device may refuse to unlock in response to the first 
verification utterance). The similarity score for the second of 
the three verification utterances may meet the first threshold 
value such that the identity of the user who spoke the second 
verification utterance is accepted. However, the similarity 
score for the second verification utterance is not sufficiently 
high for the enrolled user's speaker model to be updated 
based on the second verification utterance. Finally, the 
similarity score for the third of the verification utterances 
satisfies the first threshold value, such that the identity of the 
user who spoke the third verification utterance is accepted 
(e.g., and a first set of actions such as unlocking a device 
may be performed), and also satisfies the higher, second 
threshold value, such that the speaker model for the enrolled 
user may be updated based on the third verification utter 
ance. The speaker model may be updated by combining 
(e.g., averaging) the speaker representation generated by the 
neural network for the third verification utterance with other 
speaker representations from enrollment utterances of the 
user that were used to create the speaker model in the first 
instance. 

0100. At stage 612, the phone can then take an action 
based on whether or not the user is authenticated. For 
example, the phone may wake up or unlock in response to 
a determination that the user who provided the utterance is 
the enrolled user. But if the user who provided the utterance 
is determined to not be the enrolled user, or is not one of a 
plurality of enrolled users, then the phone may remain 
locked or may otherwise block performance of one or more 
functions that the user has selected to perform. In another 
application, the speaker verification techniques described 
herein may be employed on a user device (e.g., Smartphone, 
notebook computer, wearable device) to reject speech input 
detected by the device from non-authorized users (e.g., users 
whose voices have not been enrolled with the device). For 
example, when the device is in an unlocked State, the device 
may listen for Voice commands spoken by an authorized 
user of the device that indicate an action that the user wishes 
the device to perform (e.g. “Navigate to the football game' 
or “Play my music collection.'). In some implementations, 
the device may only perform the requested action indicated 
by the voice command if it can be determined that the voice 
command was spoken by the authorized user. In this way, 
side speech from other, non-authorized users, for example, 
may be rejected. 
0101 FIG. 7 shows an example of a computing device 
700 and a mobile computing device that can be used to 
implement the techniques described herein. The computing 
device 700 is intended to represent various forms of digital 
computers, such as laptops, desktops, workstations, personal 
digital assistants, servers, blade servers, mainframes, and 
other appropriate computers. The mobile computing device 
is intended to represent various forms of mobile devices, 
Such as personal digital assistants, cellular telephones, 
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Smart-phones, and other similar computing devices. The 
components shown here, their connections and relation 
ships, and their functions, are meant to be exemplary only, 
and are not meant to limit implementations of the inventions 
described and/or claimed in this document. 

0102 The computing device 700 includes a processor 
702, a memory 704, a storage device 706, a high-speed 
interface 708 connecting to the memory 704 and multiple 
high-speed expansion ports 710, and a low-speed interface 
712 connecting to a low-speed expansion port 714 and the 
storage device 706. Each of the processor 702, the memory 
704, the storage device 706, the high-speed interface 708, 
the high-speed expansion ports 710, and the low-speed 
interface 712, are interconnected using various busses, and 
may be mounted on a common motherboard or in other 
manners as appropriate. The processor 702 can process 
instructions for execution within the computing device 700, 
including instructions stored in the memory 704 or on the 
storage device 706 to display graphical information for a 
GUI on an external input/output device. Such as a display 
716 coupled to the high-speed interface 708. In other imple 
mentations, multiple processors and/or multiple buses may 
be used, as appropriate, along with multiple memories and 
types of memory. Also, multiple computing devices may be 
connected, with each device providing portions of the nec 
essary operations (e.g., as a server bank, a group of blade 
servers, or a multi-processor System). 

(0103) The memory 704 stores information within the 
computing device 700. In some implementations, the 
memory 704 is a volatile memory unit or units. In some 
implementations, the memory 704 is a non-volatile memory 
unit or units. The memory 704 may also be another form of 
computer-readable medium, Such as a magnetic or optical 
disk. 

0104. The storage device 706 is capable of providing 
mass storage for the computing device 700. In some imple 
mentations, the storage device 706 may be or contain a 
computer-readable medium, Such as a floppy disk device, a 
hard disk device, an optical disk device, or a tape device, a 
flash memory or other similar solid state memory device, or 
an array of devices, including devices in a storage area 
network or other configurations. The computer program 
product may also contain instructions that, when executed, 
perform one or more methods, such as those described 
above. The computer program product can also be tangibly 
embodied in a computer- or machine-readable medium, Such 
as the memory 704, the storage device 706, or memory on 
the processor 702. 
0105. The high-speed interface 708 manages bandwidth 
intensive operations for the computing device 700, while the 
low-speed interface 712 manages lower bandwidth-inten 
sive operations. Such allocation of functions is exemplary 
only. In some implementations, the high-speed interface 708 
is coupled to the memory 704, the display 716 (e.g., through 
a graphics processor or accelerator), and to the high-speed 
expansion ports 710, which may accept various expansion 
cards (not shown). In the implementation, the low-speed 
interface 712 is coupled to the storage device 706 and the 
low-speed expansion port 714. The low-speed expansion 
port 714, which may include various communication ports 
(e.g., USB, Bluetooth, Ethernet, wireless Ethernet) may be 
coupled to one or more input/output devices, such as a 
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keyboard, a pointing device, a scanner, or a networking 
device Such as a Switch or router, e.g., through a network 
adapter. 
0106 The computing device 700 may be implemented in 
a number of different forms, as shown in the figure. For 
example, it may be implemented as a standard server 720, or 
multiple times in a group of such servers. In addition, it may 
be implemented in a personal computer Such as a laptop 
computer 722. It may also be implemented as part of a rack 
server system 724. Alternatively, components from the com 
puting device 700 may be combined with other components 
in a mobile device (not shown). Such as a mobile computing 
device 750. Each of such devices may contain one or more 
of the computing device 700 and the mobile computing 
device 750, and an entire system may be made up of multiple 
computing devices communicating with each other. 
0107 The mobile computing device 750 includes a pro 
cessor 752, a memory 764, an input/output device such as a 
display 754, a communication interface 766, and a trans 
ceiver 768, among other components. The mobile comput 
ing device 750 may also be provided with a storage device, 
Such as a micro-drive or other device, to provide additional 
storage. Each of the processor 752, the memory 764, the 
display 754, the communication interface 766, and the 
transceiver 768, are interconnected using various buses, and 
several of the components may be mounted on a common 
motherboard or in other manners as appropriate. 
0108. The processor 752 can execute instructions within 
the mobile computing device 750, including instructions 
stored in the memory 764. The processor 752 may be 
implemented as a chipset of chips that include separate and 
multiple analog and digital processors. The processor 752 
may provide, for example, for coordination of the other 
components of the mobile computing device 750, such as 
control of user interfaces, applications run by the mobile 
computing device 750, and wireless communication by the 
mobile computing device 750. 
0109 The processor 752 may communicate with a user 
through a control interface 758 and a display interface 756 
coupled to the display 754. The display 754 may be, for 
example, a TFT (Thin-Film-Transistor Liquid Crystal Dis 
play) display or an OLED (Organic Light Emitting Diode) 
display, or other appropriate display technology. The display 
interface 756 may comprise appropriate circuitry for driving 
the display 754 to present graphical and other information to 
a user. The control interface 758 may receive commands 
from a user and convert them for Submission to the processor 
752. In addition, an external interface 762 may provide 
communication with the processor 752, so as to enable near 
area communication of the mobile computing device 750 
with other devices. The external interface 762 may provide, 
for example, for wired communication in Some implemen 
tations, or for wireless communication in other implemen 
tations, and multiple interfaces may also be used. 
0110. The memory 764 stores information within the 
mobile computing device 750. The memory 764 can be 
implemented as one or more of a computer-readable 
medium or media, a volatile memory unit or units, or a 
non-volatile memory unit or units. An expansion memory 
774 may also be provided and connected to the mobile 
computing device 750 through an expansion interface 772, 
which may include, for example, a SIMM (Single In Line 
Memory Module) card interface. The expansion memory 
774 may provide extra storage space for the mobile com 
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puting device 750, or may also store applications or other 
information for the mobile computing device 750. Specifi 
cally, the expansion memory 774 may include instructions to 
carry out or Supplement the processes described above, and 
may include secure information also. Thus, for example, the 
expansion memory 774 may be provide as a security module 
for the mobile computing device 750, and may be pro 
grammed with instructions that permit secure use of the 
mobile computing device 750. In addition, secure applica 
tions may be provided via the SIMM cards, along with 
additional information, Such as placing identifying informa 
tion on the SIMM card in a non-hackable manner. 
0111. The memory may include, for example, flash 
memory and/or NVRAM memory (non-volatile random 
access memory), as discussed below. The computer program 
product contains instructions that, when executed, perform 
one or more methods, such as those described above. The 
computer program product can be a computer- or machine 
readable medium, Such as the memory 764, the expansion 
memory 774, or memory on the processor 752. In some 
implementations, the computer program product can be 
received in a propagated signal, for example, over the 
transceiver 768 or the external interface 762. 
0112 The mobile computing device 750 may communi 
cate wirelessly through the communication interface 766, 
which may include digital signal processing circuitry where 
necessary. The communication interface 766 may provide 
for communications under various modes or protocols. Such 
as GSM Voice calls (Global System for Mobile communi 
cations), SMS (Short Message Service), EMS (Enhanced 
Messaging Service), or MMS messaging (Multimedia Mes 
saging Service), CDMA (code division multiple access), 
TDMA (time division multiple access), PDC (Personal 
Digital Cellular), WCDMA (Wideband Code Division Mul 
tiple Access), CDMA2000, or GPRS (General Packet Radio 
Service), among others. Such communication may occur, for 
example, through the transceiver 768 using a radio-fre 
quency. In addition, short-range communication may occur, 
such as using a Bluetooth, WiFi, or other such transceiver 
(not shown). In addition, a GPS (Global Positioning System) 
receiver module 770 may provide additional navigation- and 
location-related wireless data to the mobile computing 
device 750, which may be used as appropriate by applica 
tions running on the mobile computing device 750. 
0113. The mobile computing device 750 may also com 
municate audibly using an audio codec 760, which may 
receive spoken information from a user and convert it to 
usable digital information. The audio codec 760 may like 
wise generate audible sound for a user, Such as through a 
speaker, e.g., in a handset of the mobile computing device 
750. Such sound may include sound from voice telephone 
calls, may include recorded Sound (e.g., voice messages, 
music files, etc.) and may also include Sound generated by 
applications operating on the mobile computing device 750. 
0114. The mobile computing device 750 may be imple 
mented in a number of different forms, as shown in the 
figure. For example, it may be implemented as a cellular 
telephone 780. It may also be implemented as part of a 
Smart-phone 782, personal digital assistant, or other similar 
mobile device. 
0115 Various implementations of the systems and tech 
niques described here can be realized in digital electronic 
circuitry, integrated circuitry, specially designed ASICs (ap 
plication specific integrated circuits), computer hardware, 
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firmware, software, and/or combinations thereof. These 
various implementations can include implementation in one 
or more computer programs that are executable and/or 
interpretable on a programmable system including at least 
one programmable processor, which may be special or 
general purpose, coupled to receive data and instructions 
from, and to transmit data and instructions to, a storage 
system, at least one input device, and at least one output 
device. 

0116. These computer programs (also known as pro 
grams, Software, Software applications or code) include 
machine instructions for a programmable processor, and can 
be implemented in a high-level procedural and/or object 
oriented programming language, and/or in assembly/ma 
chine language. As used herein, the terms machine-readable 
medium and computer-readable medium refer to any com 
puter program product, apparatus and/or device (e.g., mag 
netic discs, optical disks, memory, Programmable Logic 
Devices (PLDs)) used to provide machine instructions and/ 
or data to a programmable processor, including a machine 
readable medium that receives machine instructions as a 
machine-readable signal. The term machine-readable signal 
refers to any signal used to provide machine instructions 
and/or data to a programmable processor. 
0117 To provide for interaction with a user, the systems 
and techniques described here can be implemented on a 
computer having a display device (e.g., a CRT (cathode ray 
tube) or LCD (liquid crystal display) monitor) for displaying 
information to the user and a keyboard and a pointing device 
(e.g., a mouse or a trackball) by which the user can provide 
input to the computer. Other kinds of devices can be used to 
provide for interaction with a user as well; for example, 
feedback provided to the user can be any form of sensory 
feedback (e.g., visual feedback, auditory feedback, or tactile 
feedback); and input from the user can be received in any 
form, including acoustic, speech, or tactile input. 
0118. The systems and techniques described here can be 
implemented in a computing system that includes a back end 
component (e.g., as a data server), or that includes a middle 
ware component (e.g., an application server), or that 
includes a front end component (e.g., a client computer 
having a graphical user interface or a Web browser through 
which a user can interact with an implementation of the 
systems and techniques described here), or any combination 
of such back end, middleware, or front end components. The 
components of the system can be interconnected by any 
form or medium of digital data communication (e.g., a 
communication network). Examples of communication net 
works include a local area network (LAN), a wide area 
network (WAN), and the Internet. 
0119 The computing system can include clients and 
servers. A client and server are generally remote from each 
other and typically interact through a communication net 
work. The relationship of client and server arises by virtue 
of computer programs running on the respective computers 
and having a client-server relationship to each other. 
0120 Although various implementations have been 
described in detail above, other modifications are possible. 
In addition, the logic flows depicted in the figures do not 
require the particular order shown, or sequential order, to 
achieve desirable results. In addition, other steps may be 
provided, or steps may be eliminated, from the described 
flows, and other components may be added to, or removed 
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from, the described systems. Accordingly, other implemen 
tations are within the scope of the following claims. 
What is claimed is: 
1. A computer-implemented method comprising: 
receiving, at a computing device, data that characterizes 

an utterance of a user of the computing device; 
generating, at the computing device, a speaker represen 

tation for the utterance using a neural network on the 
computing device, wherein the neural network has been 
trained based on a plurality of training samples that 
each: 

(i) include data that characterizes a first utterance and 
data that characterizes one or more second utter 
ances, and 

(ii) are labeled as a matching sample or a non-matching 
sample according to whether a speaker of the first 
utterance is the same as a speaker of the one or more 
second utterances; 

accessing, at the computing device, a speaker model for 
an authorized user of the computing device; and 

evaluating, at the computing device, the speaker repre 
sentation for the utterance with respect to the speaker 
model to determine whether the utterance was likely 
spoken by the authorized user of the computing device. 

2. The computer-implemented method of claim 1, 
wherein each of the plurality of training samples was 
generated by selecting the first utterance and the one or more 
second utterances from groups of utterances that correspond 
to different speakers, such that each group of utterances 
consists only of utterances of the corresponding speaker for 
the respective group of utterances. 

3. The computer-implemented method of claim 1, further 
comprising: 

obtaining a set of utterances of the authorized user of the 
computing device; 

inputting each utterance from the set of utterances into the 
neural network to generate a respective speaker repre 
sentation for the utterance; and 

generating the speaker model for the authorized user of 
the computing device based on an average of the 
respective speaker representations for the utterances in 
the set of utterances of the authorized user. 

4. The computer-implemented method of claim 1, 
wherein none of the plurality of training samples on which 
the neural network has been trained includes data that 
characterizes the utterance of the user of the computing 
device. 

5. The computer-implemented method of claim 1, 
wherein generating, at the computing device, the speaker 
representation for the utterance comprises processing data 
that characterizes an entirety of the utterance with the neural 
network in a single pass through the neural network. 

6. The computer-implemented method of claim 1, further 
comprising performing a function on the computing device 
in response to determining that the utterance of the user was 
likely spoken by the authorized user of the computing 
device. 

7. A computer-implemented method, comprising: 
determining a speaker model for a particular speaker 

based on outputs of a neural network for a first set of 
utterances, the first set including multiple different 
utterances of the particular speaker; 
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determining a speaker representation based on output of 
the neural network for a particular utterance that is not 
in the first set of utterances; 

comparing the speaker representation with the speaker 
model for the particular speaker to classify the particu 
lar utterance as an utterance of the particular speaker or 
as an utterance of a speaker other than the particular 
speaker, and 

adjusting the neural network based on whether the clas 
sification of the utterance as an utterance of the par 
ticular speaker or as an utterance of a speaker other than 
the particular speaker was correct. 

8. The computer-implemented method of claim 7, further 
comprising: 

Selecting, at a computing system, multiple different sets of 
utterances as training data for training the neural net 
work, each set of utterances comprising: 
(i) multiple different first utterances of a first speaker 

for the respective set of utterances, and 
(ii) a second utterance of either the first speaker for the 

respective set of utterances or a second speaker for 
the respective set of utterances other than the first 
speaker; and 

using the multiple different sets of utterances to iteratively 
train the neural network, wherein each set of utterances 
from the multiple different sets of utterances is used in 
a different training iteration for training the neural 
network, 

wherein the first set of utterances is selected from the 
multiple different sets of utterances, wherein the par 
ticular speaker is the first speaker for the first set of 
utterances. 

9. A computer-implemented method, comprising: 
Selecting, at a computing system, multiple different Sub 

sets of training data for training a neural network, each 
Subset of training data comprising a plurality of first 
components that characterize respective utterances of a 
first speaker and a second component that characterizes 
an utterance of the first speaker or a second speaker; 
and 

for each of the selected subsets of training data: 
inputting each of the first components into the neural 

network to generate a respective first speaker repre 
sentation corresponding to each of the first compo 
nents; 

inputting the second component into the neural net 
work to generate a second speaker representation 
corresponding to the second component; 

determining a simulated speaker model for the first 
speaker based on an average of the respective first 
speaker representations for the plurality of first com 
ponents; 

comparing the second speaker representation with the 
simulated speaker model to classify the utterance 
characterized by the second component as an utter 
ance of the first speaker or as an utterance of a 
speaker other than the first speaker, and 

adjusting the neural network based on whether the 
utterance characterized by the second component 
was correctly classified as an utterance of the first 
speaker or as an utterance of a speaker other than the 
first speaker. 

10. The computer-implemented method of claim 9, fur 
ther comprising, in response to inputting the second com 
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ponent into the neural network, generating the second 
speaker representation with the neural network by process 
ing, in a single pass through the neural network, data for an 
entirety of the utterance characterized by the second com 
ponent. 

11. The computer-implemented method of claim 9. 
wherein selecting a first Subset of training data among the 
multiple different Subsets of training data comprises: 

selecting a first group of utterances that corresponds to the 
first speaker from a plurality of groups of utterances 
that respectively correspond to different speakers such 
that each group of utterances consists of data charac 
terizing only utterances of the corresponding speaker 
for the respective group of utterances; 

selecting a second group of utterances corresponding to 
the first speaker or the second speaker from the plu 
rality of groups of utterances; 

determining the plurality of first components from the 
data that characterizes utterances in the first group of 
utterances; and 

determining the second component from the data that 
characterizes utterances in the second group of utter 
aCCS, 

12. The computer-implemented method of claim 11, 
wherein at least one of the first group of utterances and the 
second group of utterances is selected randomly from the 
plurality of groups of utterances. 

13. The computer-implemented method of claim 9. 
wherein: 

the first speakers are different from each other among at 
least some of the multiple different subsets of training 
data; and 

the second speakers are different from each other among 
at least some of the multiple different subsets of train 
ing data. 

14. The computer-implemented method of claim 9. 
wherein a total number of first components in a first subset 
of training data among the multiple different Subsets of 
training data is different than a total number of first com 
ponents in a second Subset of training data among the 
multiple different subsets of training data. 

15. The computer-implemented method of claim 9. 
wherein comparing the second speaker representation with 
the simulated speaker model to classify the utterance char 
acterized by the second component as an utterance of the 
first speaker or as an utterance of a speaker other than the 
first speaker comprises determining a distance between 
values from the second speaker representation and values 
from the simulated speaker model, and applying a logistic 
regression function to the distance. 

16. The computer-implemented method of claim 9. 
wherein the neural network comprises a plurality of hidden 
layers, wherein the neural network does not have a softmax 
output layer. 

17. The computer-implemented method of claim 9. 
wherein the neural network comprises a deep neural network 
having a locally-connected hidden layer followed by a 
plurality of fully-connected hidden layers. 

18. The computer-implemented method of claim 17, 
wherein the utterances characterized by the plurality of first 
components, and the utterance characterized by the second 
component all have a fixed length. 

19. The computer-implemented method of claim 9. 
wherein the neural network comprises a long-short-term 
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memory recurrent neural network that is configured to be 
trained on data that characterizes utterances having variable 
lengths. 

20. The computer-implemented method of claim 9. 
wherein the utterances characterized by the respective plu 
ralities of first components across the multiple different 
Subsets of training data, and the utterances characterized by 
the respective second components across the multiple dif 
ferent Subsets of training data, are all utterances of a same 
word or phrase. 

21. The computer-implemented method of claim 9. 
wherein at least some of the utterances characterized by the 
respective pluralities of first components across the multiple 
different Subsets of training data, and at least Some of the 
utterances characterized by the respective second compo 
nents across the multiple different Subsets of training data, 
are utterances of different words or different phrases. 

k k k k k 


